Almost 100 genetic loci are known to affect serum cholesterol and triglyceride levels. For many of these loci, the biological function and causal variants remain unknown. We performed an association analysis of the reported 95 lipid loci against 216 metabolite measures, including 95 measurements on lipids and lipoprotein subclasses, obtained via serum nuclear magnetic resonance metabolomics and four enzymatic lipid traits in 8330 individuals from Finland. The genetic variation in the loci was investigated using a dense set of 440 807 directly genotyped and imputed variants around the previously identified lead single nucleotide polymorphisms (SNPs). For 30 of the 95 loci, we identified new metabolic or genetic associations (P < 5 3 10 28 ). In the majority of the loci, the strongest association was to a more specific metabolite measure than the enzymatic lipids. In four loci, the smallest high-density lipoprotein measures showed effects opposite to the larger ones, and 14 loci had associations beyond the individual lipoprotein measures. In 27 loci, we identified SNPs with a stronger association than the previously reported markers and 12 loci harboured multiple, statistically † These authors contributed equally. 
INTRODUCTION
A recent genome-wide association meta-analysis of over 100 000 individuals of European ancestry identified 95 genetic loci associated with plasma levels of total cholesterol (TC), low-density lipoprotein cholesterol (LDL-C), highdensity lipoprotein cholesterol (HDL-C) or triglycerides (TG) (1) . For most of these loci, the exact causative variant and biological function are unknown. Some of these loci have shown association to two or more lipids or other metabolic phenotypes, such as glucokinase (hexokinase 4) regulator (GCKR) on TG (1), insulin resistance (2), C-reactive protein (3) and ratios between plasmalogens and phosphatidylcholines (4) and the gene cluster containing fatty acid (FA) desaturases 1, 2 and 3 (FADS1-2-3) on TG (1), glucose (2) , sphingolipid levels (5) and ratios between acyl-acyl-phosphatidylcholine lipids (4) . It is likely that some of the lipid loci are more specific in their effects on metabolic pathways, while others affect a broader spectrum of metabolic traits. However, no thorough metabolic profiling of the lipid genes has so far been made.
During the past decade due to enhances in high-throughput analytical technologies such as nuclear magnetic resonance (NMR) and mass spectrometry, it has become feasible to measure a much broader range of lipoprotein subclasses and other metabolic markers in large cohorts. This has provided a better catalogue of metabolic variation across humans and provided biological insight into various vascular outcomes (6) . Applying an NMR method, Chasman et al. (7) recently described genetic profiles underlying 22 plasma lipoprotein and lipid measures.
In this study, we take a complimentary and extended approach to the previous studies and characterize the biological processes behind the 95 known lipid loci by testing their association with the levels of 95 lipoprotein and lipid measures, 22 small metabolites and 99 derived metabolic variables, including selected ratios of metabolites, and the four conventionally measured enzymatic lipids. Additionally, we characterize the loci using a dense set of genotyped and imputed single nucleotide polymorphisms (SNPs) to search for variants more highly associated with the metabolite and lipid traits than the previously reported variants, and thus potentially closer to causal. We utilize the latest NMR-based serum metabolomics platform (6, 8) to quantify 216 metabolic variables and assess a dense set of 440 807 genotyped and imputed genetic markers in the 95 previously identified lipid loci, in 5 population-based Finnish cohorts totalling up to 8330 individuals (Supplementary Material, Table S1 ). Table S1 . All cohorts were genotyped using Illumina genotyping arrays and imputed to include all the 102 lead SNPs in the 95 lipid loci of Teslovich et al. (1) and a dense set of markers within 1 Mb regions around the lead SNPs. The cohorts underwent the same serum NMR metabolomics platform to quantify a broad metabolite profile of 216 direct and derived metabolic variables and already had data on the 4 conventional enzymatic lipid measures available.
RESULTS

Included in the analyses
Refining the associations with metabolomics data
We replicated associations between the loci and the enzymatic lipid measures as in Teslovich et al. (1) for 16 of the lead SNPs in 15 out of the 95 previously reported regions at genome-wide significance in our study (P , 5 × 10
28
). When testing the lead SNPs across all metabolite measures (117 metabolites, 99 derived measures and 4 enzymatic lipid measures), 22 SNPs from 20 loci (Table 1) were associated with between 1 and 70 metabolite measures (see full list of associations in Supplementary Material, Table S2 ). In only six of the loci was the strongest association to one of the enzymatic lipid measures.
We then compared the P-values between the SNPs and enzymatic and metabolite phenotypes using the P-gain statistic (the ratio of the P-values of association of the SNP to the enzymatic and metabolite measures). In total, 13 lead SNPs (CILP2, APOE, APOB, LIPC, FADS1-2-3, MLXIPL, ABCA1, PLTP, GALNT2, HPR, ANGPTL3, APOA1 and LPL) with significant associations to the metabolites had P-gain .47 (multiple testing corrected significance threshold) (see Table 1 for details and Supplementary Material, Table S3 for P-gain comparisons of all the 102 lead SNPs). The proportion of variance explained by each associated SNP was considerably higher for the detailed metabolite measures (range 0.42 -15.41%, median 0.66%) than for the enzymatic lipid measures (range 0.04-2.02%, median 0.39%) ( Table 1) .
The extensive lipoprotein subclass profile describes the particles involved in lipoprotein metabolism in more detail than 
The three panels of the table list the significant associations ranked by their P-gain. In the top panel are the loci where the phenotype refinement resulted in a significant P-gain (P-gain .47, see Materials and Methods for details). In the middle panel are the loci where the lead SNP had a stronger association to a metabolite trait than to the enzymatic lipid but the P-gain was not significant. In the bottom panel are the loci where the enzymatic lipid trait was the most associated trait. The gene name in 'Locus' column is the name used in Teslovich et al. (1) . Chr; chromosome. Lead SNP is the reported strongest SNP in the locus. Column 'Alleles' has the non-coded and coded alleles, respectively, and CAF is the frequency of the coded allele. Enzymatic trait is the one of the 4 enzymatic lipid traits that had the strongest association with the lead SNP. Beta is the effect size in units of standard deviation, modelled as an additive effect of the coded allele, and SE the standard error. Lead trait is the trait with the smallest P-value across all 216 metabolite measures and the 4 enzymatic lipids for the lead SNP. Fig. 1 ) or with (iii) the HDL particles (the bottom section of Fig. 1 ). These overall patterns of associations are in line with the previously reported associations to the enzymatic lipids (1). However, the association patterns within each group of genes were not uniform, but the associations to other subclass measures varied within each group. The associations with HDL particles were particularly heterogeneous; some loci demonstrated opposite associations between the measures of smaller and larger HDL particles and in several cases the association to the TG content of very large and small HDL particles followed the association of VLDL particles being the opposite to other HDL measures. There were four genes where the aggregate nature of the conventional lipid measures appeared to be a disadvantage not capturing the heterogeneous associations to HDL measures or associations limited to specific subclass particles. The variants in PLTP had no association with HDL-C but a number of strong associations to the subclass measures existed, with the effects to large and small HDL particles being in the opposite direction and the strongest association being to the ratio of large and medium HDL particles. These associations point to the role of PLTP in modulating HDL particle size (9, 10) . Similarly, LIPC showed opposite associations between the smallest and larger HDL particles, the strongest association being to the TG content of very large HDLs, with the associations to average HDL particle size and HDL size ratios among the associations with the smallest P-values and largest P-gains. The LIPC SNP also associated to all very small VLDL and IDL measures. These detailed associations reveal important information not captured by the conventional lipid measures as there were no significant associations to either LDL-C or TG. Together these associations of LIPC to both IDL and HDL likely reflect hepatic lipase's (HL) dual role as a TG hydrolase in the conversion of IDL to LDL (11) and from HDL 2 to smaller HDL 3 (12) . Similarly, neither TG nor LDL-C is a perfect descriptor of the associations of one APOB and one APOE SNP that affected the particles in the borderline of VLDL and LDL metabolism, the SNPs having the strongest associations to the TG content of very small VLDL particles.
The six loci for which an enzymatic measure was the most-associated trait showed consistent associations across subclass particles in certain lipoprotein class; the lead SNPs in HDL genes CETP and HNF4A associated coherently to all except one HDL measure, and LDL-C associated SNPs in LDLR, APOB, SORT1 and HMGCR, associated similarly yet with varying strength to the IDL and LDL measures. As HDL-C and LDL-C sum up the cholesterol carried in HDL and LDL particles, respectively, the association to the aggregate measure is the strongest, although the associations to individual subclass measures were not in all cases significant.
Interestingly, the associations of the lipid loci were not limited to lipoproteins but rather several loci showed associations to other lipid measures, small molecules or ratios derived from these measures. Among the genome-wide significant loci was GCKR that associated significantly to 70 metabolite measures. The associations span the whole NMR measurable metabolome; the SNP rs1260326 displayed associations to lipoproteins, FA measures and small molecule traits such as amino acids and their ratios, including the strongest association of the SNP to the ratio of alanine with glutamine (Supplementary Material, Table S2 ). Notably, in our data, the GCKR SNP did not associate with glucose concentration (P ¼ 0.404) and the strongest association in the GCKR region to this trait only had suggestive evidence (2-27502746, P ¼ 2.36 × 10
23
).
As expected, the FADS1-2-3 SNP rs174546 associated with several measures of FAs and their degree of saturation. These traits closely reflect the pathways the genes act on, and as such the SNP explains a high proportion of the variance in these traits (15.4% for the lead trait, the ratio of linoleic acid with other polyunsaturated FAs).
Combining the refined phenotypes and the dense map of SNPs
We hypothesized that additional SNPs in the 95 lipid loci may better tag the causative variants in homogeneous Finnish population samples and that the regions may harbour multiple signals. Thus, we sought further stronger associations by testing for all metabolite -SNP combinations within 1 Mb of the reported lead SNPs of the lipid loci taking advantage of the dense map of variants from the 1000 Genomes project. Altogether, 2928 SNPs within the lipid loci showed significant associations together to 181 metabolite traits giving in total 39901 unique pairs of association (Supplementary Material, Table S4 ). We identified stronger associations than the reported lead SNP for 33 SNPs mapping to 27 loci [ Table 2,  see Supplementary Material, Tables S5 and S6 for the comparisons between the reported lead SNPs and the most-associated SNPs for the lead traits (S5) and between the reported lead SNPs and the best metabolite-SNP pairings (S6)]. These include 11 regions (LDLRAP1, PCSK9, ABCG5/8, C6orf106, ABO, LRP4, LRP1, HNF1A, SCARB1, LCAT and LIPG) where the original lead SNP was not associated with any of the metabolite traits in our data. Notably, there were only four loci (CETP, HNF4A, APOA1 and GCKR) where the original SNP with association at the genome-wide significance level remained as the most strongly associated regional marker.
For 17 loci, the metabolite with strongest association was the same as for the previously reported lead SNP, but for 10 loci a completely new SNP -metabolite pairing was identified. For 11 loci (LDLRAP1, PCSK9, SORT1, ABCG5/8, HMGCR, ABO, LRP4, SCARB1, LCAT, LDLR and APOE), the best trait The strength and direction of the effect is illustrated with the colour scale, blue indicating a negative and red a positive association with respect to the SNP effect on the trait the SNP had the most significant association to in the genome-wide scan (1) . The units are standard deviations. A star (w) denotes genome-wide significant association (P-value , 5 × 10 28 ) and a dot ( †) suggestive, i.e. nominally significant association (P , 0.05). Seven loci, including APOB and APOE, had two reported lead SNPs, thus the double references to these loci in the locus names on the left. The gene name in 'Locus' column is the name used in Teslovich et al.
(1). Chr; chromosome. Lead SNP is the reported strongest SNP in the locus. Column 'Alleles' has the non-coded and coded alleles, respectively, and CAF is the frequency of the coded allele. Lead trait is the trait with the smallest P-value across all 216 metabolite measures and the 4 enzymatic lipids for the lead SNP. Beta; the effect size in units of standard deviation, modelled as an additive effect of the coded allele. SE; the standard error. New SNP and new trait are the most-associated variant and trait pair of the region. r 2 ; the square of the correlation coefficient between the lead and new SNP Distance, distance (in base pairs) between the lead and best SNP. Cor, the correlation between the lead and new traits. a The associations of the reported lead SNPs with the enzymatic lipids in these loci did not reach genome-wide significance. b Result missing from one cohort. c The new SNP and trait pair for these loci is the same as for the neighbouring lipid locus and most likely tags variation from that locus. See the Supplementary Material, Table S10 for metabolite trait abbreviations.
was an enzymatic lipid measure (HDL-C or LDL-C) and for 16 a more refined phenotype. Six of the new variants arise from the 1000 Genomes reference panel and two have minor allele frequency (MAF) ,5% (for 1-55892749 MAF ¼ 0.021 and for rs7412 MAF ¼ 0.043). The proportion of variance explained by each of the 33 new variants was considerably higher (range 0.40 -15.72%, median 0.81%) than for the corresponding original lead SNPs (range 0.12-15.41%, median 0.42%). Supplementary Material, Figure S1 shows the regional association plots for two loci (LIPC and PLTP) as examples of regions where significant improvement in the explained variance was obtained.
Majority of the new variants were in moderate or strong correlation with the reported lead SNP (r 2 . 0.50) and thus these associations likely arise from the same association signal but the new SNPs may tag the causative variant better in Finnish population. However, for nine loci, the identified lead variants correlate only weakly (r 2 , 0.2) with the reported lead SNP of that locus and therefore these may represent another signal. Interestingly, for two loci, the regions' strongest associations appear to point to a different gene. A variant 930 kb from the LRP1 SNP in recently reported glutamine locus (13) associated with the ratio of glutamine with glucose, explaining 2.42% of the variance of this measure, and a SNP 470 kb from HPR lead SNP associated with the ratio of phenylalanine to tyrosine, which is close to the tyrosine aminotransferase gene.
In order to evaluate whether the newly identified SNPs are more likely to be functional than the reported variants, we compared the SNP associations to leukocyte expression in a subset of the sample (n ¼ 585) (Supplementary Material, Table S7 ). In two significant loci, the cis-expression quantitative trait locus (eQTL) for the most-associated SNP was considerably stronger than the corresponding eQTL for the reported lead SNP; the strongest signal in the C6orf106 locus showed a significant eQTL to DEF6 (P ¼ 2.31 × 10
28
), a guanine nucleotide exchange factor, while the two reported lead SNPs of the locus showed no significant association to the expression levels of this gene (P ¼ 0.221 and P ¼ 0.238 for rs2814944 and rs2814982, respectively). For the LRP1 locus, the new SNP had a strong eQTL for SPRYD4 (P ¼ 3.79 × 10 213 ). Since many of the regions showed a large number of associated SNPs, we tested for statistical independence of the signals by conditioning on the originally reported SNP in each locus and recursively for the most significantly associated variant until no further genome-wide significant associations were found. In total, 12 of the loci had more than one independent association (PCSK9, APOB, TYW1B, FADS1-2-3, LRP1, LIPC, HPR, CETP, LOC55908, CILP2, APOE and PLTP) and four regions (APOB, LIPC, HPR and APOE) had 3 or more independently associated SNPs (Supplementary Material, Table S8 and Fig. S2 ).
As an example of both genetic and metabolic refinement, a locus with multiple signals was APOB, in which there are two previously identified independent (r 2 ¼ 0.118) lead SNPs; one (rs1367117) associated with TC and LDL-C and the other (rs1042034) with TG and HDL-C. We found one further independent SNP (rs562338) in the region and an additional variant (rs4665710), which is in LD with rs1042034, responsible for the strongest association signals in the region. These four variants showed distinct profiles in their associations with the lipoprotein subclass measures (Fig. 2) . Two of the SNPs (rs1042034 and rs4665710) associated primarily to the TG-rich medium, small and very small VLDL particles with weak opposite associations to largest HDLs, while the two other SNPs showed an association profile shifted towards smaller apoB lipoproteins. These SNPs associated specifically with increased very small VLDL and IDL measures, the previously reported lead SNP also associating with increases in LDL measures, but having merely suggestive associations to HDL and other VLDL particles. The SNPs with similar association profiles cluster together in terms of genomic positions; the VLDL-associated SNPs are positioned at the 3 ′ end of the APOB gene close to the LDL receptorbinding region of the gene while the three other variants are in the 5 ′ end. In terms of associations and positions the SNPs seem to relate to functionally distinct domains of the APOB gene. The 5
′ end of the gene encodes the lipovitellinlike domain of the apoB protein that is important during apoBcontaining lipoprotein particle assembly. The other end of the protein harbours the domain that binds to LDL receptor and an a-helix that is suggested to modulate the surface pressure as the lipoprotein particle size decreases during lipoprotein metabolism (14, 15) .
DISCUSSION
In this study, we characterized the 95 recently reported lipid loci by using serum NMR-based characterization of 95 lipoprotein and lipid measures along with 121 other metabolic variables, and a comprehensive set of 440 807 directly genotyped and imputed markers using the 1000 Genomes imputation reference panel. In total, for 30 loci we provided new association profiles to either new phenotypes or to a new lead SNP.
Our approach of characterizing the lipid regions both by phenotype and by genotype offered several benefits in providing insight into lipoprotein metabolism and the genetic architecture of the lipid loci. First, we showed that in the majority of the loci, the previously reported variants demonstrate stronger associations to the more detailed phenotypes than to the enzymatic lipid measures. The median estimated proportion of phenotype variance explained by the previously identified markers across metabolites was 69% higher than for the enzymatic lipids. As conventional laboratory measures of HDL-C, LDL-C, TC and TG sum up the lipids carried in lipoprotein particles of various sizes and composition, our results are likely revealing more specific metabolic functions of these loci.
Secondly, many loci were associated with a wide range of metabolite traits. These include the heterogeneous association patterns to lipoprotein subclasses (Fig. 3) and also associations to many small molecules not known to be directly related to lipid metabolism. While some loci showed consistent associations over certain types of lipoproteins, for example, SORT1 associated to all LDL particles and to IDL but showed little association with the other subclass measures, LPL, LIPC, PLTP and CETP demonstrated opposite associations between the lipid measures of larger and smaller HDL particles for the same allele. Although originally identified as lipid loci, our associations were not limited to lipoprotein measures, and a few genetic loci showed evidence of a role in other processes of energy metabolism. Expectedly, the SNP in the FADS1-2-3 gene cluster, the genes of which encode for FA desaturase enzymes, associated to multiple measures of FA levels and degree of unsaturation. However, somewhat surprisingly, GCKR, a gene encoding for glucokinase regulatory protein, which inhibits glucokinase in hepatocytes and often implicated in glucose (2) and TG metabolism (1), showed the strongest evidence of association with the ratio of alanine with glutamine and in total associated significantly with 70 metabolite measures.
Thirdly, examination of the dense set of variants around the lead SNPs in the lipid loci led to the discovery of additional variants that showed stronger associations to the metabolites in 27 loci and 2 or more statistically independent variants for 12 loci. This demonstrates the power of utilizing a dense marker set and a homogeneous population for further characterization of the genetic association signals. For some of the loci with multiple independent associations, the trait variance explained by the locus was considerably larger. For example, the four independent LIPC variants explained on average 2.7 times more of the variance in very large and large HDL particles and up to 9.86% of the variance of a single trait (the TG content of very large HDL particles). Similarly, the two distinct association profiles across lipoprotein subclasses were captured by four SNPs in the APOB locus. The two variants in the 5 ′ end of APOB at the domain of apoB that binds microsomal transfer protein (MTP) (14) affected IDL and LDL particles as MTP -apoB interaction is essential for VLDL particle assembly (16, 17) . The two other APOB variants associated with particles from medium-sized VLDLs to IDLs reside near the region encoding for the LDLR-binding domain of apoB and therefore the SNPs could disrupt the clearance of LDL from circulation. Our findings extend the previous observations by Chasman et al. (7), who studied a set of 22 lipoprotein measures and identified 3 classes of associations in the APOB region with the associations to VLDL and LDL measures residing in separate groups.
Our study sample included .8000 Finnish individuals from 5 population-based cohorts. Since Finns are a genetic isolate within Europe, the associations found here may require verification in other populations. However, our focus on analysing the Finnish population allowed us to minimize heterogeneity previously observed in genetic marker frequencies (18, 19) , thus increasing our statistical power. We used an NMR-based metabolomics approach to dissect a serum metabolome comprising of 216 metabolite measures, a priori defined physiologically relevant ratios and other derived variables. Alternative screening techniques such as liquid chromatography coupled with mass spectrometry may offer a better and more detailed coverage of individual lipid molecules and other circulating metabolites. However, the metabolomics platform applied allowed the measurement of the most comprehensive lipoprotein subclass distribution to date in a high-throughput manner, enabling a precise characterization of the lipid gene effects on the lipoprotein cascade.
Our findings highlight the importance of biochemically accurate trait measures (20) and support the findings that refined phenotyping of lipoproteins often results in stronger associations than are achieved by studying the conventional lipoprotein measures (7,21). As lipoprotein particle size and composition are known to be important for disease susceptibility and risk (22, 23) , our findings provide a foundation for further mechanistic studies to identify potential intervention targets. In particular, the HDL subclasses seem to differ in their relationship to coronary heart disease (CHD); the larger HDL particles are generally considered more anti-atherogenic than the smaller ones (23) (24) (25) (26) . Therefore, the observed heterogeneity in the biological effects may mask the detection of an Figure 2 . The associations of the independent and region's strongest variant in the APOB locus to the lipoprotein subclass measures. The effect estimates of the associations between the SNPs in the APOB locus and lipoprotein subclasses plotted as heat maps; each row represents a SNP and each column a metabolite. The grid on the right next to the heat map illustrates conditional model that led to the discovery of the SNP or indicates whether the SNP is the strongest variant in the region with symbols described in the figure legend. The strength and direction of the effect is illustrated with the colour scale, blue indicating a negative and red a positive association with respect to the allele that increases the trait with the smallest P-value across all 216 metabolite traits. The units are standard deviations. A star (w) denotes genome-wide significant association (P-value , 5 × 10 28 ) and a dot ( †) suggestive, i.e. nominally significant association (P , 0.05). The APOB variants show heterogeneity in their effects on the lipoprotein subclasses. The variants with similar effect profiles cluster together in terms of genomic positions, thus likely affecting specific functional domains of the encoded protein. Figure 3 . A summary of the gene effects on lipoprotein subclasses with the primary pathways of endogenous lipoprotein metabolism. From top to bottom: VLDL particles are assembled in the liver and secreted into bloodstream where the particles are converted through a number of steps into IDL and subsequently to LDL particles. LDL and/or IDL particles are taken up by the liver and peripheral tissues, where the particles donate the lipids they carry and the particles are subsequently degraded. The nascent HDL produced in liver and peripheral tissues are precursors of the HDL particles that transport lipids from the periphery to the liver. A number of genes are involved in these processes; the genes encoding for the most relevant transfer proteins, enzymes and receptors as well as the genes affecting the lipoprotein measures genome-wide significantly in the present study are illustrated. In case functional evidence exists, genes from the latter category are also placed close to the expected site of action. White bars indicate the range of lipoprotein subclasses affected by each gene in the present study. Green and red dots illustrate that the gene only has significant associations with HDL particles or with apoB-containing lipoproteins, respectively. The IDL fraction is rarely included in the conventional laboratory measurements of blood lipids as an entity, yet our results underscore the prominent role of this lipoprotein class, which in many cases is distinct from LDLs; IDLs in concert with very small VLDLs associated with majority of the genes, including LIPC that showed specific associations to these particles, thus emphasizing the role of these particles in the lipoprotein cascade in the borderline of TG-dominated VLDL particles and cholesterolcarrying LDLs. In addition, PPP1R3B strongly affected IDL particles and the cholesterol content of large LDLs. association between CHD and the genes found to associate with HDL-C.
To conclude, our study demonstrates the advantage of the combination of detailed genotyping and a wide metabolite panel. The study reveals a broader set of metabolic processes governed by genes originally identified using a limited set of clinical lipid measurements and shows that in a homogeneous population the variants best tagging the variation in the metabolite traits are often different from those first reported. With further understanding of these processes, possible novel interventions for metabolic diseases may be revealed.
MATERIALS AND METHODS
Study cohorts
We used genetic and metabolomic data from five populationbased Finnish cohorts (n ¼ 8330): NFBC1966, YF, HBCS, H2000 and DILGOM. The cohorts have been described in detail elsewhere (27) (28) (29) (30) (31) . In brief, NFBC1966 is a birth cohort and a follow-up study of children born in 1966 in the two northernmost provinces of Finland; YF is a longitudinal follow-up study of children and adolescents from all around 
Genotyping and imputation
NFBC1966 was genotyped using Illumina HumanHap CNV 370k array, DILGOM and H2000 with Illumina HumanHap 610k array, and YF and HBCS using custom generated Illumina HumanHap 670k array. Quality control was performed independently for each study prior to imputation. Low quality markers (locus missingness . 5%) and poor DNA samples (individual missingness .5%) were removed. In addition, individuals with high genomic heterozygosity (indicating sample contamination), gender discrepancies or closely related individuals were removed from the data. The cleaned genome-wide data were imputed using IMPUTE software (32) . Imputation included a 1000 Genomes reference (33), HapMap3 reference (34), which included an additional Finnish reference in HapMap3 depth (18) , and HapMap2 reference (35) . The benefit of the additional Finnish reference has been discussed in detail by Surakka et al. (18) . The imputation references for the variants which were not directly genotyped among the 102 reported lead SNPs (1) are listed in Supplementary Material, Table S9 .
Cis-eQTL analysis
Whole blood expression data were available for a subset of the DILGOM cohort (n ¼ 585), described previously by Inouye et al. (30) . In brief, to obtain stabilized total RNA in study III, the PAXgene Blood RNA System (PreAnalytiX GMbH, Hombrechtikon, Switzerland) was used. Biotinylated cRNA (750 ng) was hybridized onto Illumina HumanHT-12 Expression BeadChips (Illumina Inc., San Diego, CA, USA), according to the manufacturer's protocol. The correlation of the allele dosages of the reported lead SNPs and the SNPs identified in the combined metabolic and genetic characterization and all expression probes within 1 Mb of the SNPs was tested using Spearman rank correlation in R. All significant eQTLs (P , 6 × 10
25
) are summarized in Supplementary Material, Table S7 .
Serum NMR metabolomics
All samples were analysed using the same high-throughput serum NMR metabolomics platform (8) . This methodology provided information on 117 serum metabolites and 99 derived variables. The directly measured metabolites include lipoprotein subclass distribution and lipoprotein particle concentrations, low-molecular-weight metabolites such as amino acids, ketone bodies and creatinine, and detailed molecular information on serum lipid extracts including free and esterified cholesterol, sphingomyelin, degree of saturation and v-3 FAs. Derived variables include selected ratios of metabolites implicated in lipolysis, proteolysis, ketogenesis and glycolysis as well as reagents and products of enzymatic reactions and measures obtained with the extended-Friedewald formula (36) . Further details of the NMR spectroscopy, quantification data analyses as well as the full metabolite identifications have been described previously (6, 8) . A full list of the studied metabolites and derived variables is provided in Supplementary Material, Table S10 .
In short, the NMR metabolomics platform included the measurement of total lipid and particle concentrations in 14 lipoprotein subclasses. The measurements of these subclasses have been calibrated using high performance liquid chromatography methods (37) . The subclasses were as follows: chylomicron and largest VLDL particles (particle diameters from 75 nm upwards), five different VLDL subclasses: very large VLDL (average particle diameter 64.0 nm), large VLDL (53.6 nm), medium-size VLDL (44.5 nm), small VLDL (36.8 nm) and very small VLDL (31.3 nm); IDL (28.6 nm); three LDL subclasses: large LDL (25.5 nm), medium-size LDL (23.0 nm) and small LDL (18.7 nm); and four HDL subclasses: very large HDL (14.3 nm), large HDL (12.1 nm), medium-size HDL (10.9 nm) and small HDL (8.7 nm). The following components of the lipoprotein particles were also quantified: phospholipids, TG, TC, free cholesterol and cholesterol esters; due to resolution and concentration issues, all of these components are not available for every subclass. In addition, mean particle diameters of VLDL, LDL and HDL fractions were calculated on the basis of the corresponding subclass distributions (IDL particles were included in the LDL fraction).
Statistical analysis
The association between 216 metabolic measures and the 102 reported lead SNPs representing the 95 known lipid loci was tested in each cohort separately with a linear additive model. Individuals on lipid-lowering medication, pregnant and those not fasted were excluded. The metabolic traits were adjusted for age, sex and 10 principal components and inverse normal transformed prior association analyses. The cohort specific association results were combined using an inverse variance weighted fixed effects meta-analysis. An association was considered significant if it reached genome-wide significance (P , 5 × 10
28
) and suggestive if the P-value was ,0.05 and ≥5 × 10
. The results of the association analysis are given in Supplementary Material, Table S1 .
To quantify the gain from using the more detailed phenotype measures over the enzymatic lipids, we calculated a P-gain statistic for each SNP where a metabolomics trait showed a smaller P-value than the best enzymatic trait. P-gain is the ratio of the P-values of two associations, in this case the ratio of the P-value of the association to the best enzymatic trait and the P-value of a metabolomics trait. To correct for multiple testing of 216 metabolite traits, the threshold for significant P-gain was set to 47, which is the number of principal components explaining .99% of the variation in the metabolomics data.
To evaluate whether alternative variants within the lipid loci tag the causative variants better in the Finnish population or whether there are other stronger signals in the loci, we performed association analyses for all the variants within the lipid loci using 1 Mb analysis windows around each of the 102 lead SNPs. Additionally, in order to identify further independent signals within the lipid loci, we performed association analyses conditioning each locus with the genotypes at the reported lead SNP (or two lead SNPs for seven loci). Analysis windows spanning 2 Mb around the lead SNP (or a window including an overlap of 1 Mb flanking regions of both lead SNPs) were used. For those loci where genome-wide significant associations (P , 5 × 10 28 ) to any of the 216 metabolic traits remained after conditioning, a further round of conditional analyses was performed adding the most significantly associated independent SNP of the region across all the traits to the covariates using analysis windows including an overlap of 1 Mb flanking regions of the lead SNP (or lead SNPs) and the independent variant. On each round of conditional analyses, the cohorts were analysed separately and combined in a meta-analysis as previously.
R statistics software was used for phenotype adjustments. The association analyses were performed using SNPTEST and R and meta-analyses with META.
Heat map visualization
To enable simultaneous detection and comparison of the multiple associations and to illustrate the metabolic continuum of the lipoprotein subclasses, the effect estimates for all of the tests were plotted on colour-coded 2D maps, i.e. heat maps, each line representing a SNP and each column a metabolite and the colour range from blue to red a negative and a positive association, respectively. In each heat map, the effect allele of each SNP was selected to be the one that increased the trait with the strongest association in the original study. In order to group genes with similar effects together, the SNPs were ordered with multidimensional scaling according to their effect profiles on the subclass variables, the apolipoprotein B (apoB) pathway (VLDL, IDL and LDL variables) and the variables related to HDL metabolism contributing with equal weight to the similarity measures. For the visualization of the loci with multiple signals, SNPs of the same locus were clustered together, and the colouring for each SNP was determined by the allele that increased the trait with the most significant association.
Clinical lipid measurements
For comparison with the subclass data and the original study, also the associations between the clinical measurements of TC, TG, LDL-C and HDL-C and the lead SNPs of the 95 lipid loci were tested. The association analysis was performed as described above using the same cohorts and individuals. The laboratory procedures for the clinical lipoprotein measurements have been described previously (1) . The results of the association analysis are given in Supplementary Material, Table S1 with the associations to the metabolite traits.
